Hologram and three dimensional quantitative structure activity relationship (3D QSAR) studies for a series of anilinobipyridine JNK3 inhibitors were performed using various alignment-based comparative molecular field analysis (COMFA) and comparative molecular similarity indices analysis (CoMSIA). The in vitro JNK3 inhibitory activity exhibited a strong correlation with steric and electrostatic factors of the molecules. Using four different types of alignments, the best model was selected based on the statistical significance of CoMFA (q 2 = 0.728, r 2 = 0.865), CoMSIA (q 2 = 0.706, r 2 = 0.960) and Hologram QSAR (HQSAR: q 2 = 0.838, r 2 = 0.935). The graphical analysis of produced CoMFA and CoMSIA contour maps in the active site indicated that steric and electrostatic interactions with key residues are crucial for potency and selectivity of JNK3 inhibitors. The HQSAR analysis showed a similar qualitative conclusion. We believe these findings could be utilized for further development of more potent and selective JNK3 inhibitors.
Introduction
c-Jun N-terminal Kinase (JNK) is a member of the mitogenactivated protein kinase (MAPK) family and functionally are a family of serine/threonine protein kinases. 1 Activation of JNKs is associated with complex receptor-mediated signaling mechanisms, which are induced by various extracellular stimuli such as cytokines, mitogens, osmotic stress and UV irradiation. 2 The activated JNKs then phosphorylate a number of substrate proteins such as c-Jun, ATF-2, APP, Elk-1, Tau, NFAT-4 for activation. 2 At least ten different JNK isoforms derived from three genes (JNK1, JNK2, and JNK3) have been identified in mammalian cells. 3 While JNKs 1 and 2 are widely expressed in variety of tissues, JNK3 exhibit predominant localization in the brain and at lower levels in the heart and testis. [3] [4] In the human CNS, the major JNK isoforms expressed are JNK3α1 and JNK1α1. 5 There is a growing number of evidences implicating JNK3, the neuronal specific isoform, is involved in various apoptotic neuronal cell death. It appears to play important roles in the brain to mediate neurodegeneration, such as Ab processing, Tau phosphorylation, and neuronal apoptosis in Alzheimer's Disease, as well as the mediation of neurotoxicity in a rodent model of Parkinson's Disease. 2 Therefore, identifying JNK3 selective inhibitor may contribute towards neuroprotection therapies with reduced side effect risks, and will aid in further understanding of the roles of individual JNK kinases.
In the last few years, various JNK3 inhibitors have been investigated. Highly potent and specific inhibitors, 2'-anilino-4,4'-bipyridine derivatives, of c-Jun N-terminal kinase-3 activity were reported by Swahn et al. in 2006 . 6 The scaffold of 2'-anilino-4,4'-bipyridine derivatives and their inhibitory potency toward JNK3 are shown in Table 1 . Using one of the derivatives, Swahn et al. solved one crystal structure of JNK3-inhibitor complex (PDB code 2EXC). This complex structure offers a lot of important structural information in the active site and this can be used to understand the essential structural features for JNK3 inhibition and more importantly, to guide the design of better inhibitors. Figure 1 shows the inhibitor, 14 (Table 1) within the active site of the complex structure (2EXC) and the analyzed structural features are as follows: 1) the H-bond interaction between amino pyridine of 14 and the backbone of Met149 residue in the hinge region (Met146 ~ Asp150), which is common for most potent protein kinase inhibitors; [7] [8] 2) the hydrophobic interaction between R1 and Met146 residue (gatekeeper); 3) the H-bond interaction between R2 and Glu155. In particular, the Met146 and Glu155 residues are unique to JNK3 compared with other similar kinases such as p38 and ERK2 (Thr106 and Asn115 in p38 and Gln105 in ERK2 are unique to their respective proteins) and they seem to contribute to JNK3's selectivity over other kinases.
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The three-dimensional quantitative structure activity relationship (3D-QSAR) methods used here are comparative molecular field analysis (CoMFA), and comparative molecular similarity indices analysis (CoMSIA). [10] [11] [12] [13] Following two 3D-QSAR analyses, hologram QSAR (HQSAR) method was also performed.
14 While HQSAR does not require molecular alignment, CoMFA and CoMSIA methods are significantly influenced by the alignment of input compounds. In order to develop reasonable models from CoMFA and CoMSIA, four different alignments were applied. They are ligand-based alignment using quantum mechanics (QM), pharmacophore-based alignment, and two receptor-guided alignments (docking-based and MC searching & EM based).
Materials and Computational Methods
Inhibitor data set. In the set of 24 2'-anilino-4,4'-bipyridine derivatives, compounds without clear IC50 value were omitted to derive QSAR models. The pIC50 values were used as the dependent variable in QSAR models. The total of 24 compounds was divided into the training set and the test set. 20 compounds were selected as the training set to generate QSAR models. The selection of the training and test sets was done manually such that low, moderate, and high JNK inhibitory activities were all represented. The structures and their activity values are listed in Table 1 .
Preparation of ligands and receptor. The complex structure of 14 and JNK3 protein was obtained from the protein data bank (PDB code 2EXC) and prepared for receptor-guided alignment using Protein Preparation Wizard of Schrödinger maestro program. 15 All water molecules were removed from the structure and 14 was selected as a template because 14 can supply reasonable bioactive conformation of the scaffold. The 3D structures of other compounds were constructed based on the template using Schrödinger LigPrep program with the force field, OPLS 2005.
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CoMFA, CoMSIA, and HQSAR. In deriving CoMFA descriptor, all compounds should be aligned in a certain 3D cubic lattice with grid spacing of 1.0, 1.5, and 2.0 Å. The steric (Lennard-Jones 6-12 potential) and electrostatic (Coulombic potential) field energies were calculated by CoMFA descriptors using default options. CoMSIA also works with aligned compounds in the same lattice model of CoMFA. In CoMSIA, similarity indices for compound's atoms in each grid point were calculated and physicochemical properties (steric, electrostatic, hydrophobic, hydrogen bond donor and acceptor) were evaluated. HQSAR methodology requires two-dimensional structures of input compounds and their activity values in order to derive compound's holograms and HQSAR model. 14 HQSAR model is derived from hologram arrays of input compounds and their biological activity values by partial least square (PLS). The best HQSAR model can be produced with optimal fragment size and hologram length from the stored PLS processes.
PLS. Partial least squares (PLS) methodology for cyclic cross-validation with leave-one-out (LOO) method is used to derive QSAR models. [17] [18] The descriptors of CoMFA, CoMSIA, and HQSAR were used as independent variables, and pIC50 activity values used as dependent variables. The number of independent variables by those QSAR descriptors is usually much larger than that of dependent variables which are compounds with pIC 50 in data set. PLS can solve those equations and generate QSAR models. Cross-validation procedure evaluates the quality of generated QSAR model. The cross-validation analysis is performed using the leave-one-out (LOO) method.
Ligand-based alignment. The structures of all compounds except 14 were fully optimized based on density functional theory (DFT B3YLP/6-31G**) calculation. The thermal correction with QM methods can be incorporated into ground state energy by vibration frequency analysis. We used Schrö-dinger Jaguar program to carry out QM calculations in gas phase and thermal correction at 310 K. 19 Then, the optimized compounds were aligned over the scaffold of 14. Figure 2(a) shows the ligand-based alignment using QM.
Pharmacophore-based alignment. Schrödinger Phase program was used to develop common pharmacophore hypothesis and to align all compounds based on it. 20 Using ConfGen in Schrödinger package, 619 of various conformers for all compounds except 14 were generated with distance dependant dielectric solvation treatment and OPLS-2005 force field.
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Those pharmacophore features are hydrogen bond acceptor (A), hydrogen bond donor (D), hydrophobic group (H), negatively charged group (N), positively charged group (P), and aromatic ring (R). They were mapped for each compound using a set of the pharmacophore features. Compounds such that pIC50 values are more than 8 were selected as active compounds except test set for producing the pharmacophore hypotheses. ADHRR pharmacophore features were selected as the common pharmacophore hypothesis (CPH). The PLS analyses carried out using Phase produced pharmacophore-based models using grid spacing of 1 Å with training set. The best statistics pharmacophore model was selected for the alignment of all compounds except 14. Figure 2 (b) shows the pharmacophore-based alignment. Molecular docking and docking-based alignment. Glide docking program in Schrödinger package was used to predict reasonable binding poses of input compounds within the active site. 22 The default Glide parameters were used except the constraint option of H-bond interaction with Met149 (hinge). Docking performance was tested through redocking of the 14 separated from the complex structure (2EXC) into the prepared Monte Carlo (MC) searching & Energy Minimization (EM) based alignment. Receptor-guided alignment using docking method is very effective for a large data set which has more than 100 compounds because docking programs can automatically select reasonable bioactive conformations among a huge number of possible binding poses. In a small data set, it is possible to generate more bioactive conformations manually for each compound using modeling tools than using automated docking programs. Especially when the structural similarity between the co-crystallized compound and other compounds is quite high, the scaffold which input compounds share can be replaced by that of co-crystallized compound. MC searching & EM based alignment modifies different substituents for each compound within the active site. First, the input compounds are superimposed based on the conformations of the common scaffold within the active site. After positioning input compounds in the active site, MC searching can determine possible conformations of substituents for each compound within the active site. MC searching method can find possible conformations of compounds which avoid steric hindrance in the active site. The conformations of input compounds found by MC searching method are slightly modified through energy minimization to find input compound's conformation with more stable binding energy. MacroModel program in Schrödinger package has MC searching and energy minimization methods. 23 Top-ranked binding pose by MacroModel was chosen for each compound.
According to the MC searching & EM based alignment procedure, several plausible conformations of input compounds were found using Macromodel application based on the conformation of common scaffold in the 14. For each compound, conformation having most stable binding energy within the active site was selected. expect, most compounds have H-bond interaction with M149 (hinge). R1 and R2 substitutions interact with M146 and Glu155 which are important residues for JNK3 selectivity as mentioned before.
Result and Discussion
CoMFA and CoMSIA analyses. Based on four different alignments, CoMFA models were derived with different CoM-FA grid spacings by PLS analyses. The statistics summaries for different CoMFA models are listed in Table 2 Table 3 shows the statistics summary for RFCoMFA model 13. To verify the statistical confidence and robustness of CoMFA models, 100 bootstrapping samplings were performed. A bootstrapped r 2 boot of 0.890 and a standard deviation (StdDev) of 0.666 from RF-CoMFA model 13 were obtained (Table 3) . These statistical values (RF-CoMFA 13) indicate a good internal consistency in the training data set.
The aligned compounds used for this CoMFA model 13 were applied to derive CoMSIA model. In CoMSIA studies, allpossible cases using five fields were calculated, and table 4 shows the statistics summaries of CoMSIA. The important values to determine the quality of QSAR models are q 2 and statistical component. When considering the number of input compounds, the number of statistical components below six is preferred. Among CoMSIA models which satisfy these criteria, the CoMSIA model 28 that has the highest q 2 value was chosen. The CoMSIA model 28 was produced by using four field descriptors (steric, electrostatic, H-bond donor, and acceptor). The combination of four fields (steric, electrostatic, H-bond acceptor/donor) gave the best statistics result (q 2 = 0.706, r 2 = 0.960, F = 90.897, SEE = 0.152).
The statistics summary by CoMSIA models is listed in Table 4 . The observed activities and the predicted activities by the CoMFA, RF-CoMFA, and CoMSIA models are listed in Table 5 . Table 5 shows that activities predicted by those produced models are in good agreement with the observed data, suggesting that those three models should have satisfactory predictive abilities. Figures 3 (a) ~ (c) show plots of the observed data and the predicted data by the CoMFA, RF-CoMFA and CoMSIA models.
HQSAR analysis. HQSAR model is influenced by various fragment distinction factors (atom types (A), bond types (B), atom hybridization or connectivity (Co), chirality (Cr), hydrogen bond and donor(H)) and fragment sizes. These variations were examined to produce highly predictable HQSAR model. To find the best fragment distinction factors in the initial HQSAR stage various combinations of the above fragment distinction factors were employed with the default fragment size 4 ~ 7 ( Table 6 ). The HQSAR model which was produced from fragment distinctions of A was selected based on PLS analysis that gives the best q 2 . Next, several analyses with various fragment sizeswere investigated to find a better HQSAR model using the fragment distinction factor (A). Table 7 shows the evaluated fragment sizes and their statistical results. The HQSAR model using fragment size 3 ~ 9 shows the best PLS analysis (q 2 = 0.838, r 2 = 0.950, SEE = 0.298, LV = 3, Length = 151). The predictive activities of all compounds were shown in Table 5 . Figure 3 (d) shows the plot of the observed versus the predicted activities by the HQSAR model.
Validation of 3D QSAR and HQSAR models. Table 5 shows predicted pIC50 values from different QSAR models (CoMFA, RF-CoMFA, CoMSIA, and HQSAR). To validate the predictability and accuracy of the models, predictive correlation coefficient r Figure 3 shows correlation between predicted and observed activity values by these models.
RF-CoMFA contour map. Figure 4 shows 3D contour map of RF-CoMFA steric field interaction with compounds 2 ~ 7 and 14. This RF-CoMFA steric contour map can explain key factors affecting compound's activity. Firstly, the 4-fluorine atom as R1 is better in increasing biological activity than other atoms on the 2-substitutions in aniline moiety. RF-CoMFA steric contour map has sterically favored region (green) around 4-position in aniline and unfavored regions (yellow) around 2-position. Compounds 3 ~ 7 have various substituents on 2-position, and they are located close to yellow contour maps. On the other hand, compound 2 has fluorine atom on 4-position in aniline, and this is located close to green contour map. This can be the reason why compound 2 has higher biological activity value than compounds 3 ~ 7. In the same way, compounds 18, 21, and 24 with fluorine atom on 4-position have higher biological activities than compounds 16, 20, and 23 with no R1 substitution. The hydrophobic map of the active site surface was produced by MOLCAD program in SYBYL and this hydrophobic map also supports this fact. 24 In Figure 5 it is suggested that the two residues, Ile92 and Met146, whichare located close to R1, could supply a steric hindrance with 2-substitution for R1. However, there is an empty hydrophobic region surrounded by Leu144, Val145, and Met146 residues ( Figure 5 ) over the fluorine atom of R1. The compounds with 2-fluorine atom of R1 can have hydrophobic interaction with those residues (Leu144 ~ Met146). Especially, the gatekeeper Met146 which is important for selectivity, is located close to 2-substitution of R1. The hydrophobic 4-substitutions on aniline could have a substantial interaction with hydrophobic residues (Leu144 ~ Met146) without steric clash with Met146 at the same time. Consequently, the RF-CoM-FA steric contour map and the hydrophobic surface map suggest that hydrophobic substitutions on 4-position as R1 would be best for the activity.
Secondly, RF-CoMFA steric contour map shows also sterically favored and unfavored regions around R2 (Figure 4 ). This could explain the low potency of compound 17 (purple in Figure 4 ) compared to compounds 16 ~ 24 although they have very similar molecular structures. Most of R2 groups of 16 ~ 24 are located in the major green region, while R2 of 17 is located in the yellow regions. This fact was also supported in the structure of JNK3's active site (Figure 2 (d) ). In Figure 2 (d), the Asp150 residue is located at similar positions of yellow region ( Figure 4 ) and the Asp150 belongs to hinge region which is quite important for H-bond interaction. Due to the steric hindrance between R2 substitution and Asp150, compound 17 moved away from the hinge region and lost H-bond interaction with Met149 (hinge). Poor biological activity of compound 17 can be explained by the fact that there is neither R1 substitution nor H-bond interaction with Met149.
CoMSIA contour map. Overall, the steric contour map from the CoMSIA analysis in Figure 6 is quite similar to the RFCoMFA steric map (Figure 4) . The CoMSIA steric contour map also has sterically favored (green) and unfavored (yellow) regions similar to those of the RF-CoMFA steric contour map. In Figure 6 , R1 substitutions of compound 3 ~ 7 are located close to a yellow region, whereas the R1 of 2 is positioned in green region. This could explain the better activity of 2 over compound 3 ~ 7. Also, the R 2 substituent of 17 is positioned in another yellow region, while the substitutions of compound 20 ~ 22 are not positioned there. The CoMSIA steric contour map is well in agreement with the RF-CoMFA steric contour map. Both CoMFA and CoMSIA steric contour maps explain that 4-R1 substitution is preferred to 2-R1 substitution with a hydrophobic group for higher biological activity. Figure 7 shows the CoMSIA H-bond donor and acceptor contour maps with compounds 10, 17, and 19 within the active site. The magenta contours regions are favored for H-bond acceptor, while the red contours regions are not. This CoMSIA H-bond acceptor contour map can explain why compound 17 has much lower biological activity than compounds 18 and 19. The terminal carbonyl groups of compounds 18 and 19 are oriented toward magenta regions. However, the carbonyl group of 17 is oriented toward red volume. In Figure 7 , the cyan color indicates regions where H-bond donor substituents enhance activity, whereas the purple color indicates regions where Hbond donor substituents reduce activity. Compounds 18 ~ 24 have NH group close to R2 substitution which can work as Hbond donor, while NH group of 17 is not oriented toward cyan region. This can be added to the explanation of compound 17's poor biological activity with other contour maps of CoMFA and CoMSIA.
The two steric contour maps of RF-CoMFA and CoMSIA closely reflect the structural shape around R1 region in the active site ( Figure 5) . The CoMSIA H-bond acceptor and donor contour maps also reflect H-bond properties around R2 region in the active site (Figure 7) . The CoMSIA H-bond donor and acceptor contour maps accord closely with H-bond interactions with Met149, Asn152, and Gln155. The cyan region favored for H-bond donor group indicates that the corresponding H-bond acceptor group should be near. In the same way, magenta region indicates that H-bond donor group of the active site should be around. In Figure 7 , the cyan region matches the carbonyl group of Met149's backbone, and magenta regions match well with Gln155 and Asn152's NH groups. These CoMSIA H-bond contour maps describe H-bond properties of the active site quite satisfactorily.
As mentioned earlier, interactions with Met146 (gatekeeper), Met149 (hinge) and Glu155 are quite important for biological activity and selectivity. The unique gatekeeper residue, Met146 is involved in selectivity, and the inhibitors without interaction with Met146 could lose selectivity for JNK3. An H-bond interaction with Met149 should be necessary for JNK3 inhibitors like most other kinase inhibitors' H-bond interaction with hinge region. The Glu155 residue in JNK3 corresponds to Asn115 residue in p38. Since they are different in size and electrostatic property, interactions with Glu155 would help alot in gaining selectivity for JNK3. In these points of view, these CoMSIA steric and H-bond contour maps can give significant insight to highly active and selective inhibitors of JNK3.
HQSAR atomic contribution map. PLS analysis of HQSAR produces color-coded structure diagram representing the degree of each atom's contribution according to their biological activity. In general, the green and yellow colors in HQSAR diagrams mean the highest to higher atomic contributions to the activity, while orange and red colors denote lower to lowest atomic contributions to the activity. The atoms with intermediate contribution are colored white. Figure 8 shows atomic contributions of model compounds 2, 3, 23, and 24 to their biological activities. In Figure 8 , the models explain that the 4-fluorine atom of R1 is important to biological activity; (a) and (b) show compounds 2 and 24 with 4-fluorine substitution has green atoms while (c) and (d) show compounds 3 and 23 do not. This HQSAR atomic contribution models are in good agreement with the steric contour maps of RF-CoMFA and CoMSIA.
Conclusion
In the present study, three QSAR analyses (CoMFA, CoM-SIA, and HQSAR) were built with a seriesof JNK3 inhibitors. Various alignment methods (ligand-based, pharmacophorebased, and receptor-guided) were tried to derive reasonable CoMFA and CoMSIA models. Among those alignments, receptor-guided alignment using MC searching & EM produced the best alignment of input compounds. Based on this alignment, the RF-CoMFA and CoMSIA models were developed. The RF-CoMFA and CoMSIA models show critical steric and H-bond interactions necessary for designing new JNK3 inhibitors. The CoMFA and CoMSIA steric contour maps all suggest that a hydrophobic substitution at 4-R1 in aniline moiety would increase biological activity. This suggestion was also supported by HQSAR. The H-bond contour maps by CoMSIA can explain the differences of compounds activities. These steric and Hbond contour maps were investigated through comparison with the properties of important residues in the active site. These interactions found by CoMFA, CoMSIA, and HQSAR will be extremely useful for design of a new generation of JNK3 inhibitors.
